In this paper we examine the relationship between inventory levels and one-year ahead earnings of retailers using publicly available financial data. We use benchmarking metrics obtained from operations management literature to demonstrate an inverted-U relationship between abnormal inventory growth and one-year ahead earnings per share for retailers. We also find that equity analysts do not fully incorporate the information contained in abnormal inventory growth of retailers in their earnings forecasts resulting in systematic biases. Finally, we show that an investment strategy based on abnormal inventory growth yields significant abnormal returns.
Introduction
Retailers pay close attention to inventory growth in their stores as it can have a significant impact on their future financial performance. Too much of inventory in their stores could result in future markdowns while too little inventory could result in lower demand in the future due to customer dissatisfaction with poor service levels. Numerous anecdotes of poor inventory management leading to decline in financial performance of retailers can be found in the business press. However, there is little empirical evidence on the relationship between current inventory levels and future financial performance of retailers.
In fact, there is growing evidence that even Wall Street investors may have trouble understanding the relationship between inventory levels and future financial performance of retailers. Kesavan et al. (2010) find that even though inventory contains useful information to predict sales for retailers, Wall street analysts fail to incorporate this information in their sales forecasts. Hendricks and Singhal (2009) , who examine excess inventory announcements of firms from multiple industry sectors including retail, find that these announcements are associated with negative stock market reactions in a vast majority of those cases. Since excess inventory would get reported only when such inventory problems become large enough, their results suggest that the stock market investors failed to anticipate these announcements even though they had access to past inventory levels of those firms.
In this paper, we are interested in examining the relationship between inventory and one-year ahead earnings per share. We choose earnings per share because of the following reasons. First, earnings per share is an important financial metric for firms and their forecasts form a key input to investment decisions. Givoly and Lakonishok (1984) find that "earnings per share emerges from various studies as the single most important accounting variable in the eyes of investors and the one that possesses the greatest information content of any array of accounting variables." Second, current evidence on the relationship between inventory and one-year ahead earnings 1 for retailers is weak. Accounting literature that examined this question has yielded a mixed response. Abarbanell and Bushee (1997) do not find evidence of this relationship for retailers but Bernard and Noel (1991) do. Even Bernard and Noel (1991) , who find inventory predicts earnings for retailers, assume a linear relationship between inventory and earnings and find evidence for the same. Since earnings are a measure of profitability of the firm, one might expect the relationship to be an inverted-U based on the operations management literature. This raises the additional question of whether the inverted-U relationship which forms the building block of inventory models at the SKU-level is lost at the firm-level?
There are several challenges in testing the relationship between inventory and earnings at the firm-level. First, raw inventory levels cannot be used to determine the relationship since it is correlated 1 We use earnings and earnings per share interchangeably with number of stores, sales etc. For example, inventory for a retailer could have grown either due to presence of stale inventory or as a result of opening new stores. While the former would be associated with lower earnings in the future, the latter would not. So, an appropriate method for normalizing inventory is required before we test the relationship between inventory and earnings. Second, service level information of retailers is not publicly available. So, it is difficult to figure out whether a retailer's inventory level is high because it is carrying excess inventory or if it is providing a high service level (Lai 2006 ). The former would be a negative signal of future earnings but the latter may not.
In this paper, we normalize inventory levels using the expectation model from Kesavan et al. (2010) to obtain the expected inventory growth. Then we calculate abnormal inventory growth as the deviation of actual inventory growth from expected inventory growth and use it as the benchmarking metric to investigate the relationship between inventory and one-year ahead earnings. We investigate the economic significance of the information content in abnormal inventory growth by examining if equity analysts' earnings forecasts incorporate information contained in abnormal inventory growth and test if an investment strategy based on abnormal inventory growth would yield significant abnormal returns.
We use quarterly and annual financial data along with comparable store sales, total number of stores Our paper has the following findings. First, we demonstrate an inverted-U relationship between abnormal inventory growth and one-year ahead earnings. Our results are robust to the metric used to measure abnormal inventory growth. Second, we find that equity analysts do not fully incorporate the information contained in past inventory resulting in systematic bias in their earnings forecasts; this bias is predicted by previous year's abnormal inventory growth. Third, we find that an investment strategy based on abnormal inventory growth yields significant abnormal returns.
Our paper is closest to Kesavan et al. (2010) who find that incorporating inventory and margin information significantly improves sales forecasts for U.S. public retailers. Further they find that analysts do not fully incorporate this information resulting in predictable biases in their sales forecasts. We build on the findings of Kesavan et al (2010) by showing that inventory also contains information useful to predict earnings in the retail industry. Since earnings are a function of sales and expenses, we run multiple tests to show that inventory predicts earnings not only because it predicts sales but also because it predicts expenses for a retailer. Similarly we show that bias in analysts' earnings forecasts arises not only because analysts ignore information in inventory useful to predict sales, as shown by Kesavan et al. (2010) , but also because they fail to consider the impact of inventory on the expenses for retailers. Finally, we analyze stock market data for retailers, not considered in Kesavan et al. (2010) .
Our paper contributes to the operations management literature in the following ways. There is a growing interest among researchers in operations management to examine firm-level inventory (Gaur et al. 2005; Rumyantsev and Netessine 2007; Rajagopalan 2010) . Many of these papers are motivated to develop new benchmarking metrics that are useful to gauge the inventory performance at the firm-level.
Our paper complements this line of research by demonstrating that such benchmarking metrics possess information useful to predict earnings and serve as a basis for investment strategies. In addition, the research on firm-level inventory has sought to examine if the insights from the analytical models also hold at the firm-level. Rumyantsev and Netessine (2007) , for example, argue that it is important to perform such tests to demonstrate to high-level managers, who deal with firm-level inventory, that they may benefit from understanding classical inventory models. Ours is the first paper to demonstrate that the inverted-U relationship between inventory and profits, that forms the building block of SKU-level literature, holds at the firm-level as well.
The paper is organized as follows. In §2 we discuss the operations management literature and accounting literature that relates to our work. In §3 we discuss existing theory in operations management to argue why changes in inventory levels could be considered as a signal of future earnings, §4 outlines our research setup and §5 describes the methodology we adopt to calculate abnormal inventory growth. In §6, we report results showing the relationship between abnormal inventory growth and one-year ahead earnings while §7 investigates the economic significance of ignoring information contained in abnormal inventory growth. Finally, we conclude with limitations and directions for future research in §8.
Literature Review
There has been significant interest in developing benchmarking metrics for firm-level inventory performance. Gaur, Fisher and Raman (2005) study inventory turns and develop a metric, adjusted inventory turns, to compare inventory productivity across firms. Rumyantsev and Netessine (2007) show that increase in demand uncertainty, lead times, and margins, and decrease in economies of scale are associated with increase in inventory levels. Chen et al. (2007) benchmark inventory performance using a metric called abnormal days-of-inventory or AbI, which is defined relative to the segment's average daysof-inventory. Rajagopalan (2010) combines primary and secondary data to show that product variety, along with other factors such as gross margin and economies of scale, affects the firm-level inventory carried by retailers. Our work builds on this literature by using two of the metrics to test the relationship between inventory and future earnings.
There is some evidence linking inventory performance to stock market performance of firms. Chen et al. (2007) find correlation between inventory changes and abnormal stock market returns. Hendricks and Singhal (2005) show that announcement of supply chain glitches, which commonly cause inventory problems, are associated with a negative stock market reaction. Our paper adds to this literature by showing that inventory-based benchmarking metrics may serve as basis for investments in the stock market.
Next, we would like to briefly review the accounting literature that relates to our work. Accounting literature has shown some mixed evidence of the predictive power of inventory over earnings in the retail sector. Bernard and Noel (1991) find that inventory predicts earnings in the retail industry but Abarbanell and Bushee (1997) do not. Our paper differs from both these papers in methodology as well as contribution. Both Bernard and Noel (1991) and Abarbanell and Bushee (1997) use a simple expectation model of inventory growth based on sales growth. We use a sophisticated expectation model based on operations management literature that not only considers sales growth but also changes in gross margin, store growth, days-payables, and capital investment. Furthermore, accounting literature has typically assumed a linear relationship between inventory and future earnings. We are motivated by theoretical literature in operations management to test an inverted-U relationship between inventory and one-year ahead earnings and find evidence to support this relationship.
Sloan (1996), a seminal paper in accounting literature, showed that stock market misprices accruals, where accruals are defined as changes in working capital. In other words, hedge portfolios formed based on accruals generate significant abnormal stock returns. This was called the accruals anomaly as the stock market fails to process publicly available information causing stocks to be mispriced. Thomas and Zhang (2002) decompose accruals into its components and show that most of the predictive power of accruals is generated by the inventory component in accruals. In our analysis, we show that an investment strategy based on abnormal inventory growth would yield significantly higher abnormal returns compared to a strategy based on inventory growth, as defined by Thomas and Zhang (2002) . Our results offer a further insight compared to Thomas and Zhang (2002) by showing that it is the abnormal component of inventory growth, not the normal component, which generates abnormal returns. Thus, we show that a benchmarking metric for inventory performance derived from operations management literature can improve upon simpler metrics for inventory performance and serve as a basis for an investment strategy.
Can changes in inventory signal future earnings?
Earnings are a summary measure of a firm's financial performance and are widely used to value shares and determine executive compensation. (Hendricks and Singhal 2005) . The authors also note that operational performance may not recover to its earlier levels even several years after the supply chain glitch. Hence, a high inventory level could signal operational issues at a retailer that could lead to lower future earnings.
Second, consider the implications of an increase in inventory level that is accompanied with an increase in service level for future earnings. Applying the newsvendor logic to the aggregate setting, we argue that the impact of such an increase in inventory level on future profitability would depend upon the trade-off between the benefits of such increased service level versus the costs of carrying the extra inventory. Thus increase in inventory level could be a signal of higher earnings for some retailers while it is likely to be a signal of lower earnings for the others depending on this trade-off.
Implications of decrease in inventory levels for future earnings
Next we present the implications of leaner inventory levels, i.e., decrease in inventory levels without decrease in service levels, for future earnings. Leaner inventory levels could result from operational 3 http://media.corporate-ir.net/media_files/irol/72/72638/Annual_Report/2004AR.pdf improvements such as adoption of quick response systems, changes in contracts that align incentives in the retailers' supply chain, and other process improvements. Such lean inventories could lead to reduction in expenses such as inventory holding costs and markdown related expenses as well as increase in revenues due to the ability of retailers to react more quickly to change in demand and offer fresher merchandise to its customers (Fisher 1997). Hence we expect decrease in inventory levels, driven by operational improvements, to be a signal of higher future earnings.
Decrease in inventory level for a retailer may result in lower service level in some cases. In such cases, the impact on future profitability would depend on the trade-off between the benefit of having lower inventory levels and the cost of decline in service levels. For example, when customers are willing to substitute in the presence of stockouts, retailers may be able to reduce inventory level and service level without hurting profitability. On the other hand, stockouts may cause customers to switch retailers when the competition is intense. Several papers in Operations Management including Bernstein and Federgruen (2004) , Dana (2001), and Gaur and Park (2007) have developed analytical models of fill-rate strategies when customers switch to competitors when they experience out-of-stocks. Olivares and Cachon (2009) show that automobile dealers increase inventory levels in the face of competition. So, a decrease in inventory levels may be a signal of higher or lower earnings in the future when it is accompanied by decrease in service levels.
Changes in inventory levels are noisy signals of earnings
There are many cases when retailers' inventory levels change due to the normal course of operations and therefore, may not contain any useful information to signal future earnings. We refer to these changes as normal changes in inventory. To summarize, we do not expect normal changes in inventory levels to contain any useful information to predict earnings. However, the changes in inventory level beyond these normal changes may contain useful information to predict earnings. We call these changes as abnormal changes in inventory levels.
Next we explain our expectation for the nature of relationship between abnormal changes in inventory and one-year ahead earnings. As abnormal inventory increases, service level could improve, but at a diminishing rate, and excess inventory will accumulate at an increasing rate. Hence, for large increases in abnormal inventory, we expect the excess inventory effect to dominate the service level resulting in a negative slope for earnings. In contrast, we expect the service level effect to dominate for retailers with large abnormal decreases in inventory levels resulting in a positive slope for earnings. Thus, we expect an inverted-U relationship between abnormal changes in inventory levels and one-year ahead earnings. We test this using empirical analysis.
Research Setup
In the next two sections we summarize the variables and datasets that are relevant to our paper.
Definition of Variables
The following notations are used in the paper. Next we explain the adjustments that we make to the variables. The use of FIFO vs. LIFO methods for valuing inventory produces artificial difference in the reported ending inventory and cost of sales. Hence, to ensure that all retailers have similar inventory valuations, we add back LIFO reserve to the ending inventory and subtract the annual change in LIFO reserve from the cost of sales. Similarly, the value of PPE could vary depending on the values of capitalized leases and operating leases held by the retailer. Hence, we first compute the present value of rental commitments for the next five years using , , … . and then add it to the PPE to adjust uniformly for operating leases held by a retailer. Here, we use a discount rate of d = 8% per year for computing the present value, and also verify our results with d = 10%.We normalize some of the above variables by the number of retail stores in order to avoid correlations that could arise due to scale effects caused by an increase or decrease in the size of a firm. We calculate accruals based on Sloan (1996) . Refer to 
Data Description
We start with the entire population of U. We exclude retailers in the categories eating and drinking places and automotive dealers and service stations from our study as they contain significant service component to their business. There were 670
retailers that reported at least one year of data to the U.S. Securities and Exchange Commission (SEC) for these years. Since data on the number of stores are sparsely populated in Compustat for the period prior to 1999, we obtain store data from Compustat starting from the year 1999 and supplement them with hand collected data for the period before 1999. We find that 208 retailers did not report any store information.
To enable us to perform a longitudinal analysis, we only consider retailers that had atleast five years of consecutive data. After removing several observations that had missing data for the variables required for our analysis, we find that 369 of the 462 were left for further analysis. The number of retailers in each segment and distribution of retailers are given in Table 2 . Summary statistics for all variables used in our analysis is as shown in Table 3 .
Methodology
In this section, we describe the methodology used to measure abnormal change in inventory levels. It is customary in the operations management literature to determine the normal or expected changes in inventory level based on expectation models for inventory levels for retailers. Deviations of actual inventory levels from such expected inventory levels are then expected to serve as benchmarking metrics.
We use the expectation model from Kesavan et al. (2010) to measure abnormal inventory growth for retailers. We use this model since it subsumes many of the factors identified in past research and it was found to be useful in the context of sales forecasting. This model uses a log-log specification where the inventory per store for a retailer in a given fiscal year depends on firm-fixed effect ( ), inventory per store in the previous fiscal year ( , ), contemporaneous and lagged cost-of-goods-sold per store 
First-differencing the above equation yields the following growth model:
Here  denotes the change in logged variable in fiscal year t from fiscal year t-1.
One may treat all of the coefficients in the above regression as being firm specific, i.e. allow the sensitivity of inventory per store to different factors such as cogs per store, gross margin, capital investment per store etc. to vary from retailer to retailer. However, in order to estimate such a model, we would need a long time-series of observations for each retailer. Since we use annual data in our analysis we would need several decades of data for each retailer to estimate such a model. To overcome the paucity of data, we assume that all firms in a given segment are homogenous, i.e. we assume that the coefficients are same for all retailers within a given segment and estimate these coefficients at the segment level. Thus our estimation equation is:
where s(i) denotes the corresponding segment specific coefficients for firm i.
We can now obtain the expected logged inventory growth from the above equation, , and then compute abnormal inventory growth in the following way. Let 1 denote the actual inventory per store growth and 1 1 denote the abnormal inventory per store growth or, in short, abnormal inventory growth for a retailer i in fiscal year t. We estimate (1c) and use the coefficients to compute abnormal inventory growth. Thus, 0 implies that the retailer i has abnormally high inventory growth while 0 implies that the retailer i has abnormally low inventory growth compared to the norm of the segment to which the retailer belongs to, after controlling for firm-level differences. Kesavan et al. (2010) show that historical gross margin contains information valuable to forecast sales. Further they show that inventory and gross margin are highly correlated for retailers, so we calculate abnormal change in gross margin in a similar manner as AIG and use it as a control variable in our analysis. Similar to equation 1c, the first differenced equation for gross margin can be written as:
Where ∆ 1, Δ , Δ , Δ . We calculate abnormal change in gross margin for retailer i in fiscal year t as 1 1 .
Next, we explain the data used to measure from (1c) which is then used to test the relationship with earnings in fiscal year t. We use data till fiscal year t-2 to estimate (1c). We avoid data from fiscal year t-1 in the estimation since firms announce their financial results at different times of the year that could lead to a potential look-ahead which could bias our results about the relationship between AIG and one-year ahead earnings. Once a retailer's financial results are announced for fiscal year t-1, we use our coefficient estimates to measure the for that retailer. We follow this process for all retailers in our test sample, i.e., t=2004, 2009. We follow a similar approach to obtain .
We considered two different techniques to estimate equations (1c) and (2). We used the instrument variable generalized least squares (IVGLS) method used in Kesavan et al. (2010) We also find that the relative rank of retailers based on AIG varies considerably from year to year indicating that AIG is not persistent.
The average, lowest, highest, and standard deviation of ACGM in the same period is -.50%, -14.9%, 63.91%, and 4.1% respectively.
Abnormal days of inventory (AbI)
We use the abnormal days of inventory ( respectively. The average abnormal days of inventory across the different segments for the same period is 0.21(apparel), 0.08(food), 0.14(general), 0.16(home) and 0.12(miscellaneous).
The main difference between the AIG metric and AbI metric is that the former metric controls for factors such as gross margin, capital investment, store growth, and accounts payable that have been identified as important factors that drive inventory levels in operations literature while the AbI metric does not. However, the use of lagged variables in the regression used to estimate AIG means that we need at least three years of data to measure AIG for a retailer. On the other hand, the AbI metric can be computed even for a retailer that has just one year of data. We use both metrics to test the relationship between abnormal inventory growth and one-year ahead earnings.
Results
In this section, we discuss the results of our statistical tests of the relationship between AIG and oneyear ahead earnings. Several researchers in accounting have used a first order autoregressive model for change in one-year ahead earnings. We adopt the same model to test the relationship between AIG and one-year ahead earnings. Accounting literature has also found that accruals, defined as the difference between net income and operating cash flows, predict one-year ahead earnings (Sloan 1996) . Since one of the components of accruals is change in inventory, we use accruals as a control variable to examine if AIG has additional information over that contained in accruals to predict earnings. This gives us the following model to test the relationship between AIG and one-year ahead earnings:
Here, ∆ 1 denotes change in EPS deflated by previous fiscal year's ending stock price to homogenize firms when firms are drawn from a broad range of sizes (Durtschi and Easton, 2005) . We use a full set of year dummies ( ) to account for macroeconomic factors that may impact earnings of all retailers. We use coefficient estimates of and to determine the relationship between AIG and change in one year ahead earnings.
Model 1 in Table 5 reports the results for the base model, i.e. a first order autoregressive model of EPS with accruals. Consistent with the accounting literature, we find that accruals have predictive power over one-year ahead earnings. Model 2 gives the estimated coefficients of Equation 3. We find that the coefficients of and are negative and significant (p<0.001) and provide support for an inverted-U relationship between AIG and change in one-year ahead EPS. We perform a Wald test to confirm that the addition of and improves the fit of our model (p<0.001). We use the coefficient estimates ( , from Model 2 to graphically illustrate the inverted-U relationship between AIG and change in one-year ahead earnings as shown in Figure 2 . The mean AIG in our sample is .017 and the standard deviation is 0.07. At the mean, the impact of increasing AIG by 0.01 leads to a decrease in EPS of 0.2 cents. At a higher level of distribution, corresponding to mean plus 2 times the standard deviation, increasing AIG by 0.01 leads a decrease in EPS of 0.7 cents. At a lower level of distribution, (corresponding to mean minus two times the standard deviation), further decreasing AIG by 0.01 leads to a decrease in EPS of 0.3 cents.
To ensure that outliers are not driving the inverted-U relationship, we follow Aiken and West (1991) to statistically test this relationship. Aiken and West (1991) recommend performing tests for the significance of slopes spanning observations on either side of the inflexion point and verify the change in signs of the slopes. The inflexion point occurs at a value of -0.049 /2 which is less than one standard deviation away from the mean and well within the range of our sample, [-0.195, 0.267] . We find that 16% of our observations lie to the left of the inflexion point. We perform t-tests of simple slopes using coefficient estimates of (3) and the results are reported in Table 6 . Since the simples slopes at values of AIG that are two standard deviations below mean and above mean are both statistically significant and opposite in signs, we can conclude that the inverted-U relationship between AIG and oneyear ahead earnings is supported within the range of our data and not driven by outliers.
There are two attributes of the inverted-U relationship that we further elaborate on. First, the inflexion point occurring at a value less than zero is interesting. Since our results are picking up the dominant effect (as we cannot control for service level), we conjecture that the region [-0.049, 0] is dominated by retailers who became leaner. That is, these retailers were able to reduce their inventory levels without substantial reduction in service level. We conjecture that the region AIG<-0.049 is dominated by retailers whose inventory levels declined so much that the accompanying decline in service retailers, we find that our strongest results are for retailers with abnormally high inventory growth who have poor subsequent performance. There are likely to be some retailers in this region (AIG>0) who were able to increase service level such that the new service level is closer to the optimal service level and found a subsequent increase in profitability. However, those retailers appear to be dominated by retailers who had excess inventory.
We perform several robustness checks to confirm the inverted-U relationship. First, we control for ACGM as Kesavan et al. (2010) show that this variable contains information useful to predict sales.
The correlation between AIG and ACGM is low (ρ=-0.18) and not significant. We also compute the variance inflation factor (VIF) for Model 3 and find it to be 1.3. This rules out any multicollinearity among our explanatory variables as the VIF is less than 10 (Maddala 2001). The results, as shown in Model 3 in Table 5 , continue to show the inverted-U relationship. Second, we add segment dummies to Model 3 and the estimation results are as shown in Model 4. Our conclusions about the inverted-U relationship remain unchanged with the addition of these variables.
Because AIG predicts sales (Kesavan et al. 2010 ) and earnings are a function of sales, we want to determine if the relationship between AIG and earnings are driven only by AIG's ability to predict sales or if there are additional reasons why AIG might predict earnings. As we argue in §3, AIG might also predict higher expenses such as advertising costs to clear merchandise, holding costs, and inventory writedowns. Since these expenses are not readily available as separate line items in retailers' income statement we test this indirectly in the following way. We add one-year ahead comparable store sales ( ) to
Model 4 to control for changes in EPS due to change in sales for that retailers in the following way:
Thus, significance of AIG would indicate that it contains information about future expenses that would be useful to predict one-year ahead earnings for retailers. Models 5 and 6 in Table 7 report the results of the base model and results from equation 4. We find that both the linear term and the quadratic terms of AIG are significant (p<0.001), even after controlling for contemporaneous values of comparable store sales, indicating that AIG predicts earnings for retailers due to its ability to predict sales and expenses for retailers. We also replace comparable store sales in period t with sales growth in that period and obtain similar results (not reported).
Economic Significance of Information contained in AIG
In this section, we investigate the economic significance of our finding. First, we examine if equity analysts take the information contained in AIG into account when generating their earnings forecasts.
Second, we test if stock prices incorporate this information. The former test would show if even sophisticated investors could benefit from knowing the information contained in AIG and the latter would indicate if AIG can form the basis for an investment strategy.
Do equity analysts ignore information in abnormal inventory growth in EPS forecasts?
We examine if equity analysts ignore information contained in AIG or not in the following way.
Analysts issue earnings forecasts at different times during a year and revise those forecasts as more information becomes available. These forecasts are time stamped with the dates when they are issued. We find that analysts' forecasts were available for 446 observations out of the 583 overall observations. For each firm-year, we determine the median of analysts' forecasts made for each of the m= 1 to 12 months after EAD for fiscal year t-1 and use it as consensus forecasts to generate analysts' consensus forecast error. We compute forecast errors by subtracting consensus EPS forecast from realized EPS. We also deflate the forecast error by the previous fiscal year's ending stock price (Gu and Wu 2003) . The average, standard deviation, minimum, and maximum deflated analysts' forecast error between 2004-2009 are -.005, .036, -.384, and .137 respectively. The average forecast error of -.005
shows that analysts are optimistic on average, which is consistent with prior accounting literature.
Next we statistically test if analysts' forecast errors are biased are predicted by lagged AIG by running the following regression:
Here, is the deflated forecast error of analysts' consensus forecast generated m months before end of fiscal year t for retailer i. is the bias that is common to all retailers, is the bias that is specific to a given fiscal year, is that bias that is correlated with previous year's AIG; and is the bias that is correlated with previous year's ACGM. is the vector of control variables that were found to be related to forecast bias in the accounting literature (Gu and Wu 2003) . These include dispersion among analysts' forecasts, analyst coverage, market value, unexpected earnings from a seasonal random walk model, and a dummy variable to capture ex-ante expectation of loss in earnings.
We estimate (5) using the GLS technique. Table 8 provides the formal statistical test of the relation between analysts' forecast errors and lagged AIG. We find that the bias in analysts' forecasts due to AIG continues to remain significant (p<0.1) up to 6 months from EAD for the prior fiscal year as shown in Table 8 . The magnitude of the reported coefficients may be interpreted in the following way. Consider the forecasts made m= 6 months after EAD for the prior fiscal year (m = 6 in Table 8 ). We find that the coefficient of AIG is -.019 (p<0.1). This implies that for an average retailer with a share price of $28.101
(mean share price in our sample), a one standard deviation increase in AIG is associated with 4.11 cents increase in analysts' forecast error. We also confirm that the direction and significance of our control variables are consistent with prior accounting literature (Gu and Wu 2003) .
Next, we want to determine if our result that AIG predicts bias in analysts EPS forecasts is driven due to analysts failing to incorporate information contained in AIG to predict sales, as shown by Kesavan et al. (2010) , or to predict expenses as well. We do so by picking analysts' sales forecasts made m=6 months after EAD for prior fiscal year (column 3, table 8). Sales forecasts were available for only 387 out of 446 observations in our sample. We add contemporaneous error in analysts' sales forecasts to equation 5 for this sample (m = 6) and find that AIG continues to remain a significant predictor of bias in analysts'
forecasts of EPS (p<0.1). We obtain consistent results for m=1 and 3 months as well where the results are stronger (p<0.05).
To summarize, our results show that analysts fail to incorporate information in AIG to predict earnings. These results not only support the results from Kesavan et al. (2010) but add to it by showing that analysts fail to incorporate the information contained in AIG useful to forecast expenses as well.
Does an investment strategy based on AIG yield abnormal returns?
In this section, we examine whether investments based on AIG can yield abnormal returns. We follow the methodology used in Abarbanell and Bushee (1998) and Desai et al (2004) to perform this analysis. This methodology can be used to determine the abnormal returns to a zero-investment strategy based on AIG and other control variables. We use accruals, inventory growth, and book-to-market as control variables for the following reasons. Sloan (1996) showed that investment strategies based on accruals yields significant abnormal returns. Since accruals are comprised of many components, Thomas and Zhang (2002) test the strength of each of those components and find that the inventory growth component has the highest explanatory power. We are motivated to examine if investment strategy based on AIG would generate incremental abnormal returns after controlling for accruals and inventory growth.
Finally, we also control for book-to-market as it is a proxy for whether a firm is a value stock or not (Desai et al. 2004; Hendricks and Singhal 2009 ).
This methodology involves dividing firms in to different portfolios based on quintile ranks of AIG and quintile ranks of each of the control variables. An important consideration in the construction of these portfolios is that all information required to construct the portfolios for a given fiscal year are available at the time point when the portfolio is created. Since firms file their 10-K statements with SEC at different time points in the year, the information required to construct a portfolio comprising of all the retailers becomes available at different points in time. In our sample, after removing outliers based on top and bottom 1 percentile, we find that the month of April had the most number of SEC filings (245), followed by March (83) and May (52). The rest of the months had fewer than 20 filings. To ensure that all firms in our portfolio are aligned in calendar time such that their 10-K statements are filed in the same month, we include only firms that file their 10-K statements in April. Thus our portfolios are created on May 1 and we compute the buy-and-hold abnormal returns for the 12 month period from thereon.
We measure the size-adjusted buy-and-hold abnormal return (BHAR) of each of the stock in our sample in the following way (Kothari and Warner 2007) . The for firm i cumulated for a period of After creating all the variables, we run a number of regressions of against different combinations of , , , and , after controlling for year-fixed effects.
The coefficients on each of the variables can be interpreted as the abnormal return to a zero investment strategy in the respective variable. This test of significance of these coefficients has been found to overcome bias that might otherwise occur due to cross-sectional correlation of the size-adjusted return metric (Bernard 1987) .
The regression results are reported in Table 9 . First, consider models M1a, M1b, and M1c. Model
M1a shows that a zero investment strategy based on accruals would yield an abnormal return of -9.5% (p<0.001). This result is consistent with that reported in Sloan (1996) (2002), we find that abnormal returns to inventory growth to be significant (p< 0.001). Finally, we run full Model M3 which includes all the variables. We find that incremental return to AIG is -8.1% (p<0.001). However, the incremental returns to inventory growth are no longer significant; this is as expected since inventory growth is a component of accruals. Thus we add further insights to the results of Thomas and Zhang (2002) by showing that it is the abnormal component of inventory growth, not the normal component, which generates abnormal returns.
We also perform additional robustness tests to validate our findings. First, we ran cross-sectional regressions of the full model for each of the six years (2004) (2005) (2006) (2007) (2008) (2009) ) and find that abnormal returns to AIG are significant (p<0.1) in each of those years and they vary between -3.7% (p<0.1) and -14.9% (p<0.001).
Similarly, we find abnormal returns to accruals also to be significant (p<0.1) for all 6 years while the abnormal returns to inventory growth is significant (p<0.1) in four of the six years.
Next, we increase our sample size by considering retailers whose SEC filing dates were in March (n=83) and May (n=52) in addition to those who filed in April (n=245). Our number of observations increases to 380. In order to ensure that all the information required to create portfolios are available at the time of creating the portfolio, our holding period starts from June 1 and continues for 12 months.
Thus, we would wait for atleast 2 months for retailers who release their 10K statements in March and atleast 1 month for those who release their 10K statements in April before including them in our portfolio.
We find qualitatively similar results as in Table 9 , i.e. abnormal returns to a zero-investment strategy in AIG continue to be significant. For example, when we run the full Model M5 in this sample, we find the abnormal returns to AIG, accruals, and inventory growth to be -7.5%, -6.4% and -3.1% respectively. The abnormal returns to AIG are significant at 5% level while the abnormal returns to inventory growth are not significant.
We also test the robustness of this finding using the Ibbotson-RATS procedure that we briefly explain in the Appendix (see Kothari and Warner 2007 for more details) . This approach allows us to estimate the abnormal returns of the hedge portfolios using the three-factor Fama-French model. Using this approach, we find the magnitude of abnormal returns to AIG, accruals, and inventory growth are 11.65%; 6.57%; and 3.86% respectively. Thus our results are robust to the method used to estimate abnormal returns.
Conclusion, Limitations, and Future Work
This paper documents an inverted-U relationship between abnormal inventory growth and one-year ahead earnings for retailers using publicly available financial data. To the extent that this relationship is an evidence of causality, our results imply that retailers should avoid abnormal decrease in inventory growth beyond a certain point and abnormal increase in inventory growth, other things being equal. However, caution should be exercised with this interpretation as our model does not guarantee causality in this relationship.
Our paper has valuable contributions to investors. We show that equity analysts do not fully incorporate the information contained in AIG in their earnings forecasts. We also show that an investment strategy based on AIG can yield significant abnormal returns. In our sample, we find this return to be 11.8% (p<0.001). Thus our paper shows that a benchmarking metric for inventory performance derived from operations management literature can serve as the basis for an investment strategy.
Next we discuss limitations of our paper. Rajagopalan (2010) use primary data on product variety to show that inventory levels of a firm increase with variety. Olivares and Cachon (2009) show that inventory levels of automotive dealerships increase with competition. Since details on product variety and competition are not reported at the firm level in financial statements both AIG and AbI metrics do not account for these factors.. Future research may investigate the possibility of using proxies for variety and competition to improve the benchmarking metric and test if that results in an increase in abnormal returns.
Future research may examine the cause of the abnormal returns documented in our study. There are two possible reasons for our results. First, firms with abnormal inventory growth could have a different risk profile. Second, it is possible that investors are missing information contained in AIG leading to a mispricing of these stocks. Interestingly, these causes have been examined in the accounting literature to explain the accrual anomaly but the results are mixed (Hirshleifer et al. 2011 , Core et al. 2008 , Mohanram and Rajgopal 2009 The relationship between AIG and one-year ahead earnings per share is illustrated using coefficient estimates obtained from = log (market value), = log(analyst coverage), = an ex-ante loss dummy variable which takes a value of 1 if the forecasted current earnings are negative and 0 otherwise, _1 and _2 are price deflated lag-one and lag-two unexpected earnings from a seasonal random walk model. All regressions are run after controlling for year fixed effects and panel specific autocorrelation. Standard errors are reported in brackets below the coefficients. *** denotes statistically significant at p<0.001, ** at p < 0.05 and * at p < 0.1 level. 
